In the process of transcription elongation, RNA polymerase (RNAP) pauses at highly nonrandom positions across genomic DNA, broadly regulating transcription; however, molecular mechanisms responsible for the recognition of such pausing positions remain poorly understood. Here, using a combination of statistical mechanical modeling and high-throughput sequencing and biochemical data, we evaluate the effect of thermal fluctuations on the regulation of RNAP pausing. We demonstrate that diffusive backtracking of RNAP, which is biased by repetitive DNA sequence elements, causes transcriptional pausing. This effect stems from the increased microscopic heterogeneity of an elongation complex, and thus is entropydominated. This report shows a linkage between repetitive sequence elements encoded in the genome and regulation of RNAP pausing driven by thermal fluctuations. An elongation complex (EC) consists of RNAP bound to double-stranded DNA and the RNA/DNA hybrid with the 3′ end of the RNA positioned in the active site of RNAP (4, 5). As the phosphodiester bond is formed, the RNA/DNA hybrid shifts back to vacate the active site, enabling the next NTP to enter and pair with the next exposed template DNA base in a process called translocation (1). Translocation is a smooth process (6, 7), except in cases where certain DNA sequences impose intrinsic translocation barriers (1, 2, 8) . This block of translocation and any inhibition of the next bond formation are causes for RNAP pausing (1, 9-11).
D
uring transcription, RNA polymerase (RNAP) interacts with heterogeneous DNA sequences, resulting in sequencedependent transcriptional pausing (1, 2) . Regulation of transcriptional elongation via pausing has a variety of downstream effects on gene expression (1, 3) .
An elongation complex (EC) consists of RNAP bound to double-stranded DNA and the RNA/DNA hybrid with the 3′ end of the RNA positioned in the active site of RNAP (4, 5) . As the phosphodiester bond is formed, the RNA/DNA hybrid shifts back to vacate the active site, enabling the next NTP to enter and pair with the next exposed template DNA base in a process called translocation (1) . Translocation is a smooth process (6, 7) , except in cases where certain DNA sequences impose intrinsic translocation barriers (1, 2, 8) . This block of translocation and any inhibition of the next bond formation are causes for RNAP pausing (1, (9) (10) (11) .
Backtracking of RNAP along DNA stabilizes pausing by preventing a forward translocation and NMP addition to the elongating RNA (1, 8, 12) . Backtracking leads to extrusion of one or more nucleotide(s) at the 3′ RNA end beyond the active site of RNAP (13) (14) (15) . Some backtracked ECs are stable enough to block DNA replication (16) , and thus destabilize a genome (17) (18) (19) . Prokaryotic Gre factors or eukaryotic TFIIS allows the backtracked EC to resume transcription by causing RNAP to cleave any extruded 3′ RNA from the active site (20, 21) , thereby removing a potential barrier to replicating DNA polymerases (17) (18) (19) .
To investigate the sequence motif that causes transcriptional pausing and the distribution in vivo, we have previously performed native elongating transcript sequencing (NET-seq) (22) combined with RNase footprinting of the transcripts (RNET-seq) (10) . This approach identified GNNNNNNTGCG as a representative RNAP pause-inducing element (PIE) in Escherichia coli cells. PIE is similar to pausing motifs identified by single-molecule or biochemical studies for E. coli RNAP and yeast/human RNAPII (2, 8, 23) . However, the presence of this consensus DNA motif, when transcribed, does not always result in pausing, indicating that RNAP pausing is controlled by additional intrinsic or extrinsic mechanistic factors. Therefore, this fact leaves open a key question regarding the mechanism of RNAP pausing.
In other areas of transcription, we have shown that certain genomic background sequences surrounding a consensus motif can modulate binding of the target transcription factor in a nonsequence-specific way. We have characterized the mechanism of this context effect (24) (25) (26) (27) (28) (29) as an extension of the concept for nonspecific protein-DNA binding introduced by von Hippel and coworkers (30) (31) (32) (33) 40 y ago. Briefly, nonspecific protein-DNA binding (i.e., protein sliding on DNA) represents an electrostatically dominated mechanism, and it was usually assumed that it is uniform (on average) and entirely nonspecific outside of short specific recognition motifs along the genomic DNA (33) . We demonstrated that such nonspecific DNA sequences enriched in certain repetitive sequence patterns exert a statistical potential on DNAbinding proteins and play a major role in regulating protein binding to DNA (25-27, 29, 34) . Such an interaction between proteins and repetitive DNA sequences without specific base-pair recognition was named nonconsensus protein-DNA binding (28) . We have also demonstrated that nonconsensus DNA sequences that flank specific consensus sites significantly modulate the measured binding affinities of proteins to that DNA (28) . In particular, the magnitude of this nonconsensus effect can reach 66% of the consensus protein-DNA binding effect (28) .
Our statistical mechanical model, calculating the free energy of the nonconsensus protein-DNA binding, does not use any Significance How does RNA polymerase (RNAP) accurately and orderly control elongation of RNA in nanosystems dominated by random thermal fluctuations? Our statistical approach challenges this open question by identifying a linkage between thermal fluctuations, repetitive DNA sequences encoded in a genome, and RNAP pausing during elongation. Until now, it has been reasonably assumed that the structure of an elongation complex (EC) at any given location along DNA ultimately controls its enzymatic function. Contrary to this assumption, we show that nonlocal thermal fluctuations of the EC on repetitive DNA sequence elements statistically and robustly affect RNAP elongation by stabilizing pausing. This study also provides a proof of concept for the significance of thermal fluctuations in a wide variety of enzymatic systems.
experimental knowledge of protein-DNA binding affinity; rather, it uses DNA sequences as the only input (24) (25) (26) (27) 29) . Briefly, nonspecific DNA sequences enriched in certain repetitive sequence patterns such as homo-oligonucleotide tracts can modulate the spectrum of protein-DNA binding energy fluctuations (24, 28) . Such modulation turns out to obey quite general statistical rules dominated by the symmetry of repetitive DNA patterns and not significantly dependent on a particular microscopic state of the protein-DNA complex (24) .
In this study, using the statistical mechanical model, we provide a genome-wide probabilistic description of the statistical ensemble of RNAP pausing at PIEs in E. coli. This model allows us to achieve a quantitative probabilistic differentiation between statistical ensembles of the two different groups of PIEs: One group of PIEs exhibits a high, biologically significant level of RNAP pausing, and the other one shows a very low level of RNAP pausing. We also biochemically characterize this statistical effect to be responsible for inducing quantitatively different levels of diffusive RNAP backtracking.
Results
Not All PIE Sequence Motifs Are RNAP Pause Sites. RNAP pause sites in the entire E. coli genome were identified by the RNETseq method, sequencing nascent RNA molecules bound by paused RNAPs from the 3′ ends (10) . In this method, one can define pausing with a variable level of confidence by changing the parameter representing the minimal fraction of sequencing reads for a segment having 3′ RNA ends at any genomic positions (10) . By assigning 90% for the fraction of the parameter, we identified the 758 most reliable PIE sequences (Fig. 1A) , termed "true" PIEs in this study. Among those PIE sequences, 566 true PIEs are located within coding DNA sequences (CDSs).
We generated a position weight matrix (PWM) of the 11-ntlong true PIEs to index any 11-nt-long genomic sequences of the E. coli by the PWM score representing sequence similarity to the consensus PIE motif (Fig. 1A and Methods). This analysis allows us to find all those 11-nt-long sequences having a PWM score, score(X), higher than the median score for the true PIEs (Fig.  1B) . Surprisingly, we found many "false" consensus PIEs possessing a score(X) as high as the true PIEs, yet the presence of such PIEs in their DNA sequences does not induce the detectable level of RNAP pausing. In total, we identified 41,759 false PIEs in the whole genome, including nontranscribed regions; among those false PIEs, 19,686 are located in CDSs of mRNA genes in the sense orientation (Fig. 1B) . Therefore, 19,686 false PIEs (97%) are vastly in excess of the 566 true PIEs located in CDSs (3%), arguing that an additional feature must govern regulation of RNAP pausing in vivo. Within CDSs, the true and false PIEs are distributed similarly through functional categories of genes (Fig. S1 ), ruling out the possibility that the false PIEs preferentially lie in nontranscribed or noncharacterized genes.
We noted that the average distance from the PIEs to the translation start sites is shorter for true PIEs compared with false PIEs. However, this effect alone is not strong enough to account for the gross dominance of the false PIEs in CDSs (Supporting Information and Fig. S2 ). We thus investigated the sequence context effect on RNAP pausing between the true and false PIEs. As described below and in our previous studies (24) (25) (26) (27) (28) (29) , we have previously revealed that nonconsensus repetitive DNA sequence elements in the vicinity of a consensus protein-binding motif statistically enhance the protein binding to its "site." This finding led us to hypothesize that a similar context effect could provide the mechanism responsible for the genome-wide regulation of RNAP pausing at PIE motifs.
The Free Energy of Nonconsensus RNAP/DNA Binding Enables Probabilistic Discrimination Between True and False PIEs. To estimate the statistical magnitude of nonconsensus RNAP binding to DNA along the entire E. coli genome, we computed the free energies of nonconsensus RNAP/DNA binding for three groups of DNA sequences: surrounding true PIEs, surrounding false PIEs, and a control non-PIE group (Fig. 2) . Both the experimentally determined true PIEs and the predicted false PIEs consist of very similar 11-nt-long consensus motifs represented by GNNNNNNTGCG, which we show located in the center of the sequences (Fig. 2A) . The control group consists of 20,000 sequences with a score(X) lower than the median of the true PIEs, which were selected from the E. coli genome at randomly chosen locations (Fig. 1B) . Thus, DNA sequences belonging to this control group lack the 11-nt-long consensus motifs. Strikingly, our analysis reveals that the DNA context upstream of true PIEs is special and characterized by significantly lower average free energy of nonconsensus binding compared with false PIE regions ( Fig. 2A) . We interpreted that such an asymmetrical profile and lower magnitude of the nonconsensus free energy may lead to enhanced RNAP sliding on DNA upstream of PIE when RNAP temporarily pauses during elongation (a description of the model is provided in Methods).
In particular, during elongation, a net forward bias in RNAP motion on DNA is generated by a cognate NTP binding to the A B RNAP active site of the EC, which prevents spontaneous backward motion and thus allows elongation to the next cycle by condensation of the NTP with the transcript (1, 6, 7, 35, 36) . The consensus PIE within the EC blocks such a cognate NTP binding to the active site for ∼1 s (2, 37, 38), thereby allowing RNAP diffusion on DNA upstream of the consensus PIE. Our key working hypothesis here is that this diffusion is biased by the presence of nonconsensus, repetitive DNA sequence elements upstream of the consensus PIE. In other words, this upstream diffusion reduces the original EC fraction that is ready for substrate NTP binding by extruding the 3′ RNA end from the active site (13) (14) (15) , thus stabilizing the paused complex at PIE (Fig. 3) . We term such a diffusive motion of RNAP "diffusive backtracking." Importantly, the sequence set of false PIEs is located within the higher nonconsensus binding free energy region relative to true PIEs and even the control set of DNA sequences ( Fig. 2A) . The higher free energy may preclude the diffusive backtracking of RNAP along DNA, and hence prevents RNAP pausing at false PIEs (Fig. 3) . This contrast in the average free energies between true and false PIEs, respectively, statistically represents the trends in individual DNA sequences surrounding true and false PIEs (Fig.  2B ). We stress, however, that our simplified model of RNAP pausing is valid only statistically (i.e., only for a set of DNA sequences), and not for an individual DNA sequence. In other words, our statistical approach provides only relative probabilities for different pausing strengths. However, it allows us to differentiate between the two statistical ensembles of true and false PIEs, respectively, with extremely high statistical significance (as discussed below and as shown in Fig. 4 ). The observed trend of the free energy difference between true and false PIEs is robust against the model parameters (24-27, 29) (Methods and Figs. S3 and S4).
One may argue that the comparison between true and false PIEs consisting of largely different sample sizes (758 versus 19,686), respectively, is statistically problematic. Thus, we increased the number of true PIE sequences from 758 to 14,505 by reducing the above-mentioned cutoff value for defying RNAP pausing from 90% to 30%. Interestingly, the average nonconsensus binding free energy of the PIEs with a low cutoff value (LC-PIE) was as low as the average nonconsensus binding free energy of the PIEs with a high cutoff value (HC-PIE) ( Fig. 2A) . In addition, LC-PIEs and HC-PIEs shared the same asymmetrical free energy landscape ( Fig. 2A ). The only difference between the nonconsensus binding free energies of the two different true PIE groups was that an Model illustrating the mechanism responsible for biased diffusive sliding of paused RNAP on repetitive DNA sequence elements upstream of PIE. During elongation, cognate NTP binding to the RNAP active center prevents backward motion of RNAP along DNA, which is driven by thermal fluctuations, ensuring its net forward-biased RNAP motion coupled with the elongation reaction (6). Upon pausing, such an NTP binding is blocked by a high energy barrier to forward translocation generated by the consensus PIE (10) . In the absence of cognate NTP binding, RNAP diffuses upstream of PIE along DNA. Repetitive DNA sequence elements upstream of PIE can increase the number of EC conformations that are exchangeable by thermal fluctuations during pausing. This mechanism leads to an enhanced level of diffusive RNAP backtracking. Nonrepetitive DNA sequences upstream of PIE can limit a thermally exchangeable number of EC conformations during pausing. The latter leads to a reduced level of diffusive backtracking.
apparent energy barrier, located just around the pause site in the HC-PIE group, was not observed in the LC-PIE group, suggesting that the consensus TGCG motif of PIE is responsible for the barrier ( Fig. S5C ; TGCG motif is not highly conserved in LC-PIE). This finding is also consistent with previous experimental results by different research groups, revealing that the TGCG or the similar motif is involved in blocking elongation at a nonbacktracked state (1, 2, 10, 37, 39) . To validate the statistical significance of our results further, we analyzed the probability distributions for the nonconsensus binding free energies for true and false PIEs, respectively (Fig. 4  A and B) . A highly significant Kolmogorov-Smirnov P value indicates that, despite the fact that the two distributions overlap, our model reliably discriminates the statistical ensembles of true and false PIEs, respectively (Fig. 4 A and B) .
Finally, we addressed the question of how generally and quantitatively the nonconsensus binding effect can predict RNAP pauses at PIEs characterized by very different RNAP dwell-times (i.e., by very different magnitudes of pausing intensities). We noted that in the RNET-seq method (10), the normalized read depth of sequencing is proportional to the normalized intensity of pausing (22) . In particular, we obtained an excellent negative linear correlation between the free energies of nonconsensus binding and the pausing intensities in true and false PIEs, respectively ( Fig. 4 C and D) . Taken together with an observation that the measured pausing intensity is an order of magnitude larger for true PIEs compared with false PIEs on average, these findings indicate that the nonconsensus free energy quantitatively affects not only true but also false PIEs, with very different RNAP dwell-times (Fig. 4 C and D) . In summary, the statistical ensemble of pausing at true PIEs is stabilized by the presence of repetitive DNA stretches upstream of consensus pausing sites (i.e., lower nonconsensus free energy; Fig. 2A ). On the contrary, the statistical ensemble of pausing at false PIEs is destabilized by the presence of DNA stretches characterized by higher nonconsensus free energy (higher than the average genome level; Fig. 2A) . Therefore, the nonconsensus free energy landscape allows us to discriminate probabilistically between true and false PIEs, respectively. Moreover, even for the group of false PIEs, our free energy model correctly predicts the variability in an overall weak level of pausing intensity characterizing this group (Fig. 4D) .
RNAP Backtracking on Repetitive DNA Sequences Determines the
Fate of Pausing at the Consensus DNA Motif. We have tested the model using a minimal in vitro system that contains only the purified RNAP enzyme and synthesized DNA fragments, including E. coli native sequences, with low or high free energy, respectively (Fig. 5 , Native Low and Native High). The low free energy native group consists of the 15 lowest free energy sequences selected from the true PIEs (Fig. 5 , Native Low), whereas the high free energy native group consists of the 15 highest free energy sequences selected from the false PIEs (Fig. 5 , Native High). These two groups were also selected based on having the same consensus motif GNNNNNNTGCG in the center and the same average guanine-cytosine (GC) content.
Furthermore, we prepared two additional groups of DNA sequences that were artificially designed and experimentally . For all of the panels, the group of LC-PIEs (Fig. 2) is used for the true PIE analyses. For C and D, the normalized intensity of pausing is calculated by dividing the number of sequencing reads that were mapped to a pause site at 3′ RNA ends in the sense orientation by the number of the reads that were mapped in a 1,001-bp flanking window, including the same pause site at the center in the sense orientation, using the E. coli RNET-seq data (10).
tested (Fig. 5 , Artificial Low and Artificial High). These two groups are used for independent testing of the nonconsensus effect on RNAP pausing without any previous experimental knowledge (except for the consensus PIE sequence), and using our model as a predictor. Likewise, these two groups of artificial DNA sequences (15 sequences in each group) contain the same consensus motif and the same average GC content, yet different nonconsensus flanking sequences (Fig. 5) : The low free energy group is enriched with repetitive poly(dA), poly(dT), poly(dC), and poly(dG) sequence elements in the sequence flanks. To design this sequence group, we used a simple stochastic computational procedure that favors the formation of homo-oligonucleotide tracts, as described previously (28) . In contrast, the high free energy group is enriched with nonrepetitive random sequence elements. In vitro assembly of the EC retaining a 9-nt RNA (EC9) was performed using the RNAP core enzyme highly purified from E. coli and a synthetic DNA/RNA hybrid scaffold (40) , ligated onto 51-bp-long DNA segments with either low or high free energy of nonconsensus protein-DNA binding, respectively (Fig.  6A ). All free RNAPs as well as DNA ligases were removed from the in vitro system by immobilizing the hexahistidine-tagged RNAP (β′-subunit) on Ni 2+ -NTA (Qiagen), followed by washing with a high-salt buffer (41) . This procedure ensures that no protein except the RNAP forming EC9 is involved in pausing within the system. Each EC9 was incubated with high or low concentrations of NTPs for RNA elongation (Fig. 6 B and C) .
We indeed observed a significant increase in RNAP pausing at the consensus motif for both the native and artificial low free energy groups compared with the both native and artificial high free energy groups (Figs. 6 B and C and Fig. S6 ). We stress the key point that this result is not expected from the difference in information content of the specific consensus motif at PIE, as represented by the high value of score(X). In particular, among the four tested sequence groups, the native low free energy group (measured increased pausing) has a score(X) lower than the native high free energy group (measured reduced pausing) (Fig. 6C) . Thus, although changes in the base types in N of GNNNNNNTGCG do affect score(X) in the four tested groups (Fig. 6C) , the effect of nonconsensus RNAP/DNA binding greatly exceeds the effect of score(X) (i.e., the effect of the consensus motif in this in vitro experimental system).
To test whether RNAP backtracking is the mechanism responsible for pausing, we added a transcript cleavage factor, GreB protein, to the in vitro system (Fig. 6 B and D) . GreB assists in endonucleolytic cleavage of the 3′ RNA extruded from the active site of a backtracked RNAP, allowing the RNAP to resume elongation (20) , and, importantly, the protein does not affect nonbacktracked RNAP pausing (3, 9, 42) . Thus, if the pausing at PIE involves RNAP backtracking, the pausing will be reduced by the presence of GreB protein. An elongation assay with 100 μM NTP clearly showed that the presence of GreB protein reduced pausing at PIE for both native and artificial low free energy groups (Fig. 6D) . This finding strongly indicates that diffusive backtracking of RNAP, biased by the presence of nonconsensus, repetitive DNA sequence elements, causes transcriptional pausing.
This notion is further supported by the fact that an average free energy of nonconsensus protein-DNA binding in the vicinity of PIE is significantly reduced upon the lack of GreA and GreB proteins in vivo (Fig. S7) . Our RNET-seq experiment has previously shown in E. coli that the defect in genes encoding Gre proteins substantially enriches backtrack pauses over nonbacktracked pauses (10) .
A long-term incubation with a high concentration (1 mM) of NTPs also reduced pausing (Fig. 6B) , indicating that the observed backtracking is reversible without Gre-mediated RNA cleavage. The lifetime of the backtrack pausing is highly sensitive to a change in salt concentration (Fig. S8) : A modest increase of KCl concentration in the reaction buffer from 40 to 100 mM significantly reduced pausing at the PIE in both native and artificial low free energy groups. This finding is consistent with the previous reports for E. coli ECs showing that the reversible backtrack pausing is salt-sensitive (13) , although this finding is inconsistent with a different type of pausing that is stabilized by an RNA stem-loop formed at the 5′ end of the RNA/DNA hybrid in term of its salt resistance (43) . These results also support the idea that the observed backtracking is diffusive, and that the nonconsensus effect acting on the EC is dominated by weak electrostatic protein-DNA interactions (44) . Even though the . Design for 51-base sequences used for the in vitro assay (−25, 25 interval, where 0, indicated by the arrow, is the pause site or the false pause site). We chose the 15 lowest free energy sequences from the true PIE group (Upper Left, Native low) and the 15 highest free energy sequences from the false PIE group (Upper Right, Native high). We also artificially designed the 15 low free energy sequences (Bottom Left, Artificial low) and the 15 high free energy sequences (Bottom Right, Artificial high) as described previously (28) . All sequences have the same consensus sequence (shaded). Within each line, the two sequences (as indicated by number) contain the same GC content.
backtracking is not purely diffusive as suggested by a previous single-molecule study for RNAP II (45), any local diffusive backtracking events can increase the probability to encounter a discrete backtracked state that can kinetically stabilize pausing.
Finally, to validate the statistical significance of our in vitro results further (and to exclude a possibility that the observed effect originates from just a single DNA sequence present in each group), we split the 15 DNA sequences comprising each native high or native low free energy group into two subgroups containing only seven arbitrary selected sequences from each group (Fig. S6) . These sequences were again ligated onto the EC9. Statistically significant increases in pausing at PIEs were observed for these two low free energy subgroups, and the pausing was reduced by either GreB addition or long-term incubation with 1 mM NTPs (Fig. S6) , as observed before (Fig. 6D) .
Discussion
Genomic Design Controlling Transcriptional Pausing. This study demonstrates that repetitive DNA sequence elements exert a statistical potential on RNAP backtracking, determining the fate of transcriptional pausing at PIEs in the E. coli genome. Our statistical mechanical modeling calculates the free energy of nonconsensus protein-DNA binding, which allows us to explain how RNAP selects functional PIEs from among a much larger number of nonfunctional PIEs with the same consensus sequence during transcription elongation. The effect of nonconsensus binding is entropy-dominated, as shown by us previously (24) . In particular, we reveal that the nonconsensus RNAP-DNA binding positively (functional PIEs) and negatively (nonfunctional PIEs) controls transcriptional pausing in E. coli (Fig. 3) . First, the consensus PIE (GNNNNNNTGCG) imposes the enthalpic barrier to forward translocation of an elongating RNAP, initiating a short RNAP pause (10) . Second, the low free energy region (corresponding to high repeat symmetry of DNA) found upstream of a true PIE enhances backtracking of the pretranslocated RNAP along DNA by increasing the number of backtracked states on DNA. As a result of this entropic contribution, the lowered free energy statistically stabilizes the net paused state of RNAP. Alternatively, the high free energy (corresponding to low repeat symmetry) around false PIEs prevents RNAP backtracking by reducing the number of backtracked states of RNAP on DNA, and thus preventing a stable pause. This latter effect is crucial in reducing widespread collisions of stably backtracked RNAPs on DNA with replicating DNA polymerases. Such collisions strongly destabilize the genome via formation of RNA/DNA hybrids that lead to DNA breaks (17) (18) (19) .
Our comparative analysis of the nonconsensus free energy landscapes also suggests that the entropy-dominated control of pausing between prokaryotes and eukaryotes is predominantly different (Supporting Information and Fig. S5 ). To cause the pausing in E. coli, it is likely that the bacterial RNAP is mainly affected by the statistical potential stemming directly from the DNA sequence repeat symmetry, whereas in the case of yeast, this statistical potential increases the nucleosome occupancy, which, in turn, affects pausing (22) (Fig. S5) .
Note that the low free energy region upstream of PIE may enhance binding of proteins other than RNAP (e.g., nucleoid proteins) to the DNA region, which may indirectly stabilize the pausing. In principle, the predicted nonconsensus effect might be operating for other DNA-binding proteins, because the computed free energy does not assume the existence of any specific protein-DNA binding. Thus, any DNA-binding proteins expressed in E. coli can be candidates to affect the pausing. However, this view appears to be inconsistent with previous studies where RNAP can specifically recognize the consensus motif of PIE for pausing without any additional proteins in vitro (2, 10, 37, 39) . Additionally, we did not detect significant enrichment of true PIEs versus false PIEs near the binding sites of major nucleoid proteins. Finally, it is more important to note that the key assumptions we adopt in our model (24) represent a highly feasible scenario for a backtracking-stabilized pausing of RNAP. In particular, to define the free energy of nonconsensus protein-DNA binding, our model assumes, first, one-dimensional diffusion (i.e., sliding) of a protein along DNA, and, second, it assumes that the system is in the state of thermodynamic equilibrium (24) (Methods). Both of these two assumptions seem to represent a realistic model for the process of RNAP backtracking if a pausing complex samples multiple conformations being exchanged as a result of thermal fluctuations (36) . First, during backtracking, an RNAP that forms an EC must slide along DNA without its dissociation from DNA. Second, previous E. coli NET-seq studies observed that RNAPs pause mainly at the nonbacktracked (pretranslocated) state in PIEs (10, 37, 39) despite the substantial contribution of diffusive backtracking to stabilize the pausing, as shown in this study. This finding suggests that the dwell-time at each backtracked state is typically much shorter than at the pretranslocated state (i.e., multiple backtracked states are rapidly and thermally equilibrated). These arguments justify our statistical description of backtrack pausing in vivo using the computed asymmetrical nonconsensus free energy profiles around the PIE ( Figs. 2A and S5A ; note that the free energies decrease only upstream of true PIE).
PIEs Are Enriched in Intrinsic Transcriptional Terminator Signals. We noted that six of 15 low free energy native sequences (1, 2, 3, 5, 10, and 11 in Fig. 5 ) include intrinsic transcription terminator signals, which are represented by a GC-rich inverted repeat followed by an oligo-T sequence (46) (Fig. S9A) . We actually detected the terminated products in the transcription from the native low free energy sequences, which increase as salt concentration increases and are resistant to GreB (Figs. S6A and S9). We emphasize that these termination events are not observed for the transcripts in the artificially designed low free energy sequence group (Fig. 6B) , and hence cannot be a general cause of pausing at PIEs.
It is reasonable that DNA sequences with the very low free energy of nonconsensus protein-DNA binding are enriched in the intrinsic terminator signals in the E. coli genome because of their highly symmetrical structures. More generally, these very low free energy DNA sequences might encode a high potential for stable RNA secondary structures with specific biological functions when transcribed as RNA molecules. Further evaluation of the functional relationship between DNA and RNA repeat symmetries will expand our knowledge of RNA functions as well as transcriptional regulation.
Difference from Previous Thermodynamic and Kinetic Models of
Transcriptional Pausing. A thermodynamic model for pausing has been proposed by Yager and von Hippel (47) and expanded to a kinetic model by von Hippel and coworkers (48) and by Wang and coworkers (49) . These models share a concept of kinetic competition between elongation and pausing, which is formulated by using transition state theory (47) (48) (49) (50) . The DNA sequence-dependent value of the rate constant is derived from the activation energy comprising a sum of free energies for the RNA/ DNA hybrid, DNA bubble, and RNAP/DNA binding that is obtained from the experimental knowledge (47) (48) (49) (50) . In particular, pausing occurs when an EC encounters relatively high activation energy to progress to the next cycle of elongation, compared with the activation energy to enter an off pathway leading to a catalytically inactive state(s) (47) (48) (49) (50) . However, such kinetic models have not fully explained previous experimental observations of pausing (1, 10, 37, 39) . This fact may be related to an underestimation or neglect of the conformational heterogeneity of the EC induced by thermal fluctuations during pausing.
The prediction of pausing based on the previous kinetic models would be sensitive to the GC content of a transcribing sequence, because the GC content would affect the height of the activation energy for translocation of RNAP during elongation (47) (48) (49) (50) . In contrast, our statistical mechanical modeling does not assume significantly high activation energies, limiting the effect of thermal fluctuations on the pathways of pausing (24) . Such an assumption of the high activation energy is necessary to enable a kinetic description by the rate equation of transition state theory (reviewed in ref. 36) . Instead, our model assumes energy fluctuations in the EC on the order of ∼2k B T (where T is the temperature and k B is the Boltzmann constant) that depends on DNA repeat symmetry rather than on the average GC content (28) (Methods). Future studies should consider how the statistical effect that is predicted from our model affects the kinetic behavior of pausing.
Conclusion
Until now, the regulation of transcription elongation has been mainly characterized by examining changes in one (or a few) particular, specific microscopic state(s) of EC(s). This approach, however, assumes that the EC mainly functions as a homogeneous conformation and ignores the functional significance of microscopic heterogeneity (i.e., multiple microscopic states able to be sampled by thermally fluctuating EC). In contrast, a statistical mechanical approach adopted by us here takes into account the effects of thermal fluctuations represented by entropy. This study identifies a regulatory mechanism of transcriptional pausing governed by biased thermal fluctuations in the context of repetitive DNA sequence elements, which are functionally embedded within the genomic DNA sequences transcribed by RNAP.
Methods
PWM Analysis. We generated the PWMs with the 11-nt sequences of 758 positions that were experimentally identified as pause sites (10), according to Hertz and Stormo (51) . The PWMs were computed as w i ðxÞ for (A, T, G, C), at each position i:
where f i ðxÞ is the relative frequency of a residue x at a position i, pðxÞ is the background probability for a residue x in the reference sequence of the E. coli genome (NC_007779.1) (i.e., GC contents), and P pðxÞ = 1 is set as the pseudocount. The likelihood of every 11-nt sequence, X, in the whole genome was computed as scoreðXÞ:
We set a median of scoreðXÞ for the experimentally determined 758 positions (5.648) as the threshold to obtain a scoreðXÞ of interest. In total, 41,759 positions that do not contain the 758 positions were obtained for the potential pause sites predicted from the genomic sequence (Fig. 1B) . All of the positions were annotated with gene information (NC_007779.1), and those positions located within CDS (19, 686) are shown with relative distances downstream from the translation start sites (Fig. S2 A and B) .
Calculation of the Free Energy of Nonconsensus Protein-DNA Binding. To calculate the nonconsensus protein-DNA binding free energy landscape, we generate an ensemble of random DNA binders as a proxy for the phenomenon of nonconsensus protein-DNA binding in a crowded cellular environment. We are not using any experimentally predetermined binding preferences to model binding, and the actual DNA sequences constitute the only input parameter used in our model. We assume that a model protein (random binder) makes M base-pair contacts with the DNA and that the protein-DNA interaction energy at each genomic position i is simply a sum of M interaction energies:
where s α ðjÞ represents the elements of a four-component vector of the type ðδ αA , δ αT , δ αC , δ αG Þ and δ αβ = 1 if α = β, or δ αβ = 0 if α ≠ β. For example, if the T nucleotide is in contact with the protein at the coordinate j, then this vector takes the form (0,1,0,0). To generate each model protein, we draw the values of K A , K T , K C , and K G from Gaussian probability distributions, PðK α Þ, with zero mean, AEK α ae = 0, and SD σ α = 2k B T. We have shown previously that the resulting free energy is qualitatively robust with respect to the choice of model parameters (24) . The energy scale, 2k B T ≈ 1.2 kcal/mol, is chosen to represent a typical strength of a hydrogen bond, or an electrostatic bond that a protein makes with one DNA base pair.
For each random binder, we define the partition function of protein-DNA binding within the chosen sliding window of width L base pairs:
and the corresponding free energy of protein-DNA binding in this sliding window:
We then assign the computed F to the sequence coordinate in the middle of the sliding window. Next, we repeat this procedure for an ensemble of 250 model random binders (where each random binder is uniquely characterized by four random numbers: K A , K T , K C , and K G ) and compute the average free energy, AEFae TF , with respect to this ensemble. Finally we normalized the average value to get free energy per base-pair contact f = AEFae TF =M. This entire procedure allows us to assign the free energy of nonconsensus protein-DNA binding (f) to each DNA base pair within the sequence. Low free energy in a specific DNA position represents a strong binding potential, on average, for proteins to this position. The resulting free energy is qualitatively robust with respect to the choice of the sliding window size and protein-DNA contacts (L and M) (Fig. S3) .
We emphasize that the effect of nonconsensus protein-DNA binding stems from the fluctuations of the binding energy, U (Eq. 2.1), rather than from its average value, <U>. In particular, although the average energy is constant for any set of DNA sequences in our model, <U ≥ 0, the free energy, F (Eq. 2.3), which is dominated by the fluctuations of U, depends on the symmetry of repetitive DNA sequence elements strongly affecting the entire probability distribution P(U). Thus, even though the average <U> is not affected at all by the DNA sequence symmetry, and only depends on the average GC content, F is affected by the symmetry (24) .
We have also explored the behavior of the random-binder free energy model upon using a different type of the protein-DNA binding potential, U(i). In particular, we assume now that the random interaction energy parameters, K α (i), are all different for each base for each position out of M base-pair interaction contacts between DNA and protein. This assumption is contrary to our assumption in Eq. 2.1, where we assumed that all K α (i) values are equal for a given base α for each position [i.e., we now assume that K α (i) is a function of the position, i]. We considered two different models for the dependence K α (i) on i as follows.
In the first model, we assume that for each base α, there are M different parameters for random interaction energy, K α (i). Therefore, overall, we have 4M random energy parameters (note that the case in Eq. 2.1 provides four parameters only). The computed free energy based on this new model demonstrated the tendency for a difference in the free energy landscapes between true and false PIEs (Fig. S4A ). Although the P value is marginally insignificant (P = 0.07 > 0.05), the observed small effect can be intuitively understood in the following way: Consider an example of sufficiently long, L M, repetitive DNA sequence composed of homopolymeric A or homopolymeric T only (AAAAAAAA. . . or TTTTTTTT. . .). We now compute the first protein-DNA binding energy for a random binder, Uð1Þ = K A ð1Þ + K A ð2Þ + . . . + K A ðMÞ.
Next, this random binder slides one base right; however, U(2) will now be identical to U(1), due to the DNA sequence symmetry that is represented by poly(A) or poly(T). If, however, the DNA sequence is random (i.e., nonrepetitive), all U(i) values will be different statistically. Therefore, even when we have all different K α (i) values for each position for each base, the DNA sequence symmetry still influences the probability distribution P(U), thereby generally impacting the nonconsensus free energy (Eq. 2.3).
We then extended this model assigning the same random K α (i) parameters for each two adjacent base contacts (i and i + 1) of the same base type (an example is provided in the legend for Fig. S4B ). For each model random RNAP binder, we now have 2M = (4M/2) random parameters K α (i). The computed free energy landscapes of true and false PIEs based on the latter model (2M random parameters) showed that they are significantly different ( Fig. S4B ; P < 10 −5 ). This result can also be understood intuitively. In particular, as we discussed above, the nonconsensus effect stems from enhanced fluctuations of the protein-DNA binding potential U, leading to lower free energy for DNA sequences containing certain repetitive sequence patterns.
To "sense" such repetitive sequence patterns, the model protein-DNA interaction parameters for base contacts, which we assume to be random, must "know" about the presence of DNA bases of the same type within the M basepair contacts for each genomic position. Therefore, if we apply a constraint that K α (i) must be equal for each two adjacent DNA bases of the same type, such a constraint provides nearest neighbor correlations in the binding potential model, thereby making the nonconsensus effect stronger (Fig. S4B) .
P Value Calculations. To compute the P values in Fig. 2A , we used the following algorithm. At each step, we prepared three randomized group pairs of DNA sequences comprising the sequences that were randomly chosen from (i) the union of true HC-PIE and control sequence groups, (ii) the union of true LC-PIE and control sequence groups, and (iii) the union of false PIE and control sequence groups. The number of sequences in each of the three randomized group pairs was the same as in the corresponding actual group pairs: (i) 758 and 20,000 sequences; (ii) 14,505 and 20,000 sequences; and (iii) 18,674 and 20,000 sequences, respectively. Next, we computed the nonconsensus free energy landscapes for each randomized group pair, as described in Fig. 2A (also refs. 26, 27) . Then, we computed the average free energy difference between the two groups comprising each randomized group pair (i), (ii), and (iii), respectively. Finally, in each case (i), (ii), and (iii), respectively, we compared the obtained magnitude of the difference with the magnitude of the difference for the corresponding actual group pair. We repeated this procedure 10,000 times (comparing the randomized and actual differences) to obtain the probability that the magnitude of the randomized differences is equal to or larger than the corresponding magnitude of the true differences. This probability was taken as the P value. We used a similar algorithm to compute the P values for Figs. S5 A and B, where the free energy differences were calculated for four randomized group pairs in Fig. S5A (0.3, 0.5, 0.7, and 0.9) and for three randomized group pairs (0.3, 0.5, and 0.7) in Fig. S5B , respectively.
Reagents and Proteins. NTPs and oligonucleotides were purchased from GE Healthcare and Integrated DNA Technologies, respectively. RNAPs containing a histidine-tagged RpoC subunit and GreB protein were purified from E. coli cells as described previously (40) .
In Vitro Transcription Assay. The EC with a 5′-labeled 9-nt long RNA was assembled and immobilized on Ni 2+ -NTA agarose (Qiagen) in transcription buffer [TB; 100 mM KCl, 20 mM Tris·HCl (pH 7.9), 5 mM MgCl 2 , and 1 mM 2-mercaptoethanol] as described previously (40) . Briefly, 5-10 pmol of RNAP was incubated with 7.5-15 pmol of the preannealed RNA and template DNA in a 25-to 50-μL volume for 10 min at room temperature. Next, 15-50 pmol of the nontemplate DNA strand was added and incubated for 10 min. The immobilized EC9 was ligated at a BamHI site onto a mixture of different 51-bp DNA segments with low or high free energy for nonconsensus protein-DNA binding and a PIE sequence (Figs. 5 and 6A) by using Quik ligase (New England Biolabs), washed with TB containing 1 M KCl. The typical concentration of EC is ∼1 nM (8) . All reactions were performed in TB at 37°C. Where present, GreB protein was added to the EC at final concentration of 4 μM. The reactions were stopped by gel-loading buffer (5 M urea, 25 mM EDTA at final concentrations). The RNA products were analyzed as described previously (8) . Details about the experimental setup are described in the legend for Fig. 6A .
